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OPTIMIZATION OF SLICE THICKNESS INMULTISPECTRAL
MRI TISSUE CLASSIFICATION OF BRAIN TISSUES
ABSTRACT
In recent years, magnetic resonance imaging has proven to be an important imaging
modality for diagnosing and locating pathology. Recent studies have shown that
multispectral tissue classification (MTC) may segment pathology from healthy tissues.
Several studies have been done to classify brain tissues such as white matter (WM), gray
matter (GM) and cerebrospinal fluid (CSF) using MTC with slice thicknesses ranging
from 5 to 10 mm (Kohn, 1991; Fletcher, 1993; Kao, 1994). In one of the previous studies
(Fletcher, 1993) MTC has been used to classify brain tissues such as WM, GM, CSF,
adipose tissue (AD), muscle (MS) and skin and meninges (S&M) with a slice thickness of
5 mm. The chosen slice thickness in the above mentioned studies is not quantified.
Therefore a question remains as to what is the optimum slice thickness for MTC of brain
tissues. The purpose of this research is to evaluate the ability ofMTC to segment the
brain tissues as a function of slice thickness using spectral regions such as spin-lattice
relaxation time (TO, spin-spin relaxation time (T2), and spin density (p). The slice
thicknesses used in the study were 3 mm, 5 mm, and 10 mm.
IV
Raw spin-echo images were acquired from a 39 year old volunteer at the level of
lateral ventricles through the brain on a General Electric (Milwaukee, WI) 1.5 Tesla
Signa imager with quadrature bird cage head coil. Ti, and p images were calculated from
a set of seven raw spin-echo images using non-linear least square procedure (Gong,
1992) with varying repetition time (TR) and a constant echo time (TE). Similarly T2
images were calculated from a set of eight raw images using linear least square fit
algorithm (Li, 1993) with varying TE and constant TR images. The Ti, T2, and p images
were calculated for 3, 5, and 10 mm slice thicknesses. The ability to segment tissues
WM, GM, CSF, AD, MS, and S&M as a function of slice thickness, was analyzed using
optimization parameters such as false positive ratio (FPR), false negative ratio (FNR),
true positive ratio (TPR), unclassified pixel ratio (UPR) and signal-to-noise ratio (S/N).
The effect of partial voluming and spatial resolution on tissue classification was also
evaluated. The optimum slice thickness for six brain tissue classification was
determined.
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1.0 INTRODUCTION
Magnetic resonance imaging has proven to be an important imaging modality for
diagnostic medical imaging and biomedical research (Smith, 1985). Magnetic resonance
imaging has been used to examine the ability ofmultispectral image segmentation to
locate pathology in human body (Hornak, 1991). Tissue classification of healthy and
malignant tissues employing multispectral analysis technique, traditionally used in remote
sensing, have been studied (Vannier, 1985). In one of the previous studies, major tissues
like white matter (WM), gray matter (GM), cerebrospinal fluid (CSF), adipose tissue
(AD), muscle (MS) and skin & meninges (S&M) have been classified employing
multispectral tissue classification (Fletcher, 1993). Several studies have been done that
classify brain tissues such asWM, GM, CSF with different slice thicknesses with
minimum quantification of the thickness chosen (Kohn, 1991; Fletcher, 1993; Kao,
1994). The chosen slice thicknesses were 5 and 10 mm. The purpose of this thesis is to
find the best slice thickness from thickness 3, 5, and 10 mm. The optimum slice
thickness is evaluated for the classification of brain tissues, such as WM, GM, and CSF,
AD,MS and S&M using multispectral tissue classification.
The multispectral tissue classification of brain tissues uses spectral regions such
as the spin-lattice relaxation time (TO, spin-spin relaxation time (T2), and spin density
(p). The classification method employed in this study is based on supervised
classification technique (Schalkoff, 1988). The classification technique commonly
employ histograms (Kao, 1994) to classify different tissues in an image. Higher order
histograms such as two-dimensional (2-D) and three-dimensional (3-D) histograms are
used in this study for classification. The optimized ranges of Ti, T2, and p used in
histograms to classify each of the six brain tissues are reported.
In a previous study (Fletcher, 1993) only optimization parameters such as
false-
positive-ratio (FPR) and unclassified-pixel-ratio (UPR) were used to quantify the
classification of brain tissues likeWM, GM, CSF, MS, AD, and S&M. However, in this
thesis additional optimization parameters such as false-negative-ratio (FNR) and true-
positive-ratio (TPR) along with spatial resolution are used to evaluate the optimum slice
thickness to classify the six brain tissuesWM, GM, CSF, AD, MS, and S&M. The
method of calculating the optimization parameters are automated using C program. The
optimization parameters are defined based on image masks to quantify the ability of
classification.
The presence of noise in the images cause some problems to separate one tissue
from the other. A noise analysis is done to quantify such an effect. In the absence of
noise, the thinnest slice would be the best for tissue classification. The signal-to-noise
ratio (S/N) is another parameter which is used to quantify the contribution from more
than one brain tissue in a voxel with the variation in slice thickness. A two-tissue model
is simulated to study the quality of classification with multiple tissues in a voxel. The
optimum slice thickness for best classification of brain tissues, WM, GM, CSF, AD, MS
and S&M, is reported.
2.0 BACKGROUND
2.1 NMR Basics
Nuclearmagnetic resonance is a phenomena associated with magnetic energy
levels of the nucleus of atoms possessing a net spin. These nuclei take on unique energy
levels when placed in an external magnetic field. Photons with energy equal to the
difference between these energies will cause transitions between the levels. Nuclear
magnetic resonance spectroscopy is the study of the absorption and emission of the
electromagnetic energy by the nuclei. The word nuclear in nuclearmagnetic resonance
(NMR) refers to the nucleus of the atom, which is of interest. The basic principles of
NMR process are illustrated in Figure 1 . The sample, in this case a human body, is
placed in a large magnetic field which remains constant throughout the NMR experiment.
The human body is then exposed to an oscillating magnetic field in the radio frequency
(RF) region of the electromagnetic spectrum, causing the spin transition between energy
levels. When the transition occurs, the nuclei are said to be in resonance with the applied
RF. This RF radiation is then switched off but the nuclei continue to resonate, resulting
in the emission of RF radiation which can be detected as an NMR signal.
2. 1 . 1 Magnetic Energy Levels
The NMR technique cannot be applied to all types of nuclei. A nucleus which has an odd





Figure 1. A schematic representation of the NMR process. (A) The human body
(sample) is placed in a largemagnetic field. (B) An radio frequency radiation is applied
in the presence of the large magnetic field. (C) The radio frequency radiation is switched
off and the sample nuclei respond with a signal, which is the NMR signal.
Only nuclei possessing this property are capable of undergoing resonance. The
magnetic energy levels of a nuclear spin as a function ofmagnetic field strength BG is
depicted in Figure 2. The absorption of a photon by the nucleus causes a transition
between the two energy levels. The frequency of this photon V is given by Equation 1.
v = yB0
In Equation 1, y is gyromagnetic ratio which is a constant for a particular
[1]
nucleus. The y of the hydrogen nucleus is 42.58 MHz/Tesla and B0 is typically in Tesla
(T). For a hydrogen nucleus with a B0 of 1.0 T, V of the nucleus is in the radio frequency




Figure 2. The magnetic energy level of a nuclear spin as a function ofmagnetic field
strength B0. The absorption of a photon by the nucleus cause a transition between the two
energy levels.
The energy difference between the two energy levels (AE) is given in Equation 2.
AE = h v [2]
where h is the Planck's constant
6.6256xl0"34
J s. The NMR signal or net magnetization
is proportional to population difference between the levels. The signal strength will be
dependent on the energy difference between the two energy levels.
2. 1 .2 Precession ofmagnet
Consider a single hydrogen nucleus placed in an external magnetic field B0. The
hydrogen nucleus is represented by an arrow and it is aligned in the direction of B0. Let
us consider the nucleus to be in vertical direction or Z direction as shown in Figure 3.
The position of the nucleus along the vertical direction is called the equilibrium position.
Now if an oscillatingmagnetic field is applied in the horizontal plane at the correct
frequency, the nucleus will precess about the vertical position i.e. the tip of the arrow
rotates while the base remains fixed, and the angle increases to the vertical as time
elapses. The frequency of the horizontal magnetic field which produces this precession is
called the Larmor frequency (v). This horizontal RF amplitude determines the angle of
precession. The horizontal magnetic field is usually applied for a short duration and
hence it is also called as RF pulse. The magnetic moment of the nucleus will be different
for different RF pulse strength. The magnetic moment of the nucleus at an angle a to the







Figure 3. Vector representation of a single nucleus in NMR process. (A) A single proton
is aligned in the direction of external magnetic field B0. (B) An RFmagnetic field
applied in the horizontal plane causes the nucleus to precess and increase the angle of
precession. (C) The nucleus can be rotated eventually to the horizontal plane with a
suitable RF pulse strength.





, and the horizontal RF is turned off, the nucleus precesses back
to the equilibrium position or the vertical with the same Larmor frequency. The
component of the magnetic moment rotating in the horizontal plane perpendicular to the





Figure 4. The longitudinal and transverse magnetization. The nucleus after being rotated
at angle from the vertical, has a magnetic momentM. The component of the magnetic
moment in the horizontal plane is the transverse magnetization, Mxy. The magnetization
of the nucleus in the absence ofRF is the longitudinal magnetization Mz.
2.1.3 NetMagnetization
The Mxy called the horizontal magnetization or transverse magnetization is the net
magnetization of the precessing nuclei in the horizontal plane. This is the signal which is
detected as a signal in NMR. Mz represents the longitudinal magnetization of the nuclei.
This is the component of the net magnetization along the static magnetic field. The Mz
andM^ are depicted in Figure 4.
Consider a sample having six hydrogen nuclei. In the presence ofjust B0, the




pulse and rotated down to the horizontal plane, as illustrated in Figure 5, all the nuclei
will be precess through to end up in the horizontal plane. Just after the
90
RF pulse, all
the nuclei will still be pointing in one direction and they precess together. This state in
which all the nuclei are processing at the same phase is called the phase coherence of the
nuclei or the phase between the nuclei is zero. Even though the nuclei are placed in a
hypothetically uniform B0, there are variations in the magnetic field due to the
interactions with the surrounding nuclei. Due to these magnetic field variations, the
nuclei precess at different frequencies, thus contributing to the loss of phase coherence of
the nuclei. As time elapses the magnetic moment along the horizontal axis which is
initially maximum, slowly reduces to zero. The variation in the magnetic moment as a
function of time is depicted in Figure 6. As seen in Figure 6, by the time all the nuclei
have lost phase coherence, the horizontal magnetization is zero, and the longitudinal
magnetization has returned to the equilibrium position.
2. 1 .4 Relaxation times Ti, T2 and p
The transverse magnetization reduces as time elapses. In the hypothetical
example explained above, the envelope of the decay of the NMR signal is an exponential
with a time constant called the spin-spin relaxation time (T2). In general, T2 can be
defined as the time to reduce the transversemagnetization by a factor of e, or T2 is the
time constant that describes the exponential loss of phase coherence due to very small
11
variations in the magnetic field caused by the interaction between the spinning nuclei.








Figure 5. Illustration of the evolution ofmagnetization. (A) After a
90
RF pulse the net
magnetic moment of the six nuclei in the horizontal plane. (B) The nuclei lose phase
coherence as it gradually moves toward the equilibrium value. (C) The horizontal
component of netmagnetization reduces as all the nuclei are out of phase. (D) The










exponential decay constant Tg





Figure 6. The variation of the net magnetic moment and its relation to the NMR signal.
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The time to reduce the difference between the longitudinal magnetization and the
equilibrium value by a factor of e is defined as the spin-lattice relaxation time (TO. The
Ti relaxation time could also be described as the exponential decay caused due to the
interaction spinning nuclei and the surrounding largermolecular lattice structure.
2.1.5 Definition of Spin-echo
The single NMR signal obtained from the hydrogen nuclei gives information
regarding the proton density of the nuclei within a sample. However if a sequence of RF
pulses are used then it is possible to obtain not only the proton density information but
also Ti or T2 values. Depending on the timing and the complexity ofRF pulse sequence,
different information on proton density or spin-density, Ti and T2 could be derived from
the NMR signal. Spin-echo is the nuclear magnetic resonance signal obtained from
refocussing ofmagnetization after a 180 degree pulse in a spin-echo pulse sequence.
2.2 Imaging
Magnetic resonance imaging is a tomographic imaging modality that generates
pictures of the NMR signal from selected slices through the human body. The NMR
signal could be obtained from a selected region, such as the part of a brain in the human
body, which contains the spatial information of that selected region. Further the selected
region could be moved to different locations and the process repeated. Thus theMRI
images generated are the mapping of the tomographic sections.
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2.2.1 Imaging Planes
The sectional planes within the magnet are defined according to the standard xyz
coordinate system. The main magnetic field is along the z direction and parallel to the
floor of the main magnet. A point at the center of the magnet, where the field is most
homogeneous, is called the isocenter with position being at x = 0, y = 0 and z =0. This is
used as a reference point to position the image planes. The three planes used in MRI as in
Figure 7 are the axial, coronal and the sagittal planes. The orientation of these three
sectional planes, when used for brain imaging with the patient lying supine (parallel to the
floor of the magnet) in a horizontal bore magnet, are described. The axial plane is one
which is perpendicular to both floor and field of the magnet. The axial plane defines the
position superior (S) or position towards the head and inferior (I) or position towards the
feet position of the patient. The axial plane defines the location relative to the magnetic
center of the magnet. The coronal plane is one which is parallel to the bore and the floor
of the magnet. This plane defines anterior (A) or front and posterior (P) or back position
in the body. The sagittal plane is one which is parallel to the bore of the magnet and
perpendicular to the floor. This plane defines the right and left positions of the body.
The imaging planes when positioned according to the standard reference point helps to
compare images acquired from different subjects (Lim, 1989).
17
Bore of the magnet
Figure 7. The standard imaging planes with the patient lying supine inside the bore of the
magnet. The axial plane is perpendicular to the bore of the magnet. The coronal plane is
parallel to the bore of the magnet and the sagittal plane is parallel to the bore of the
magnet and perpendicular to the floor.
TheMRI images generated are two dimensional images that are obtained by a
technique called as the two-dimensional (2-D) Fourier transform (Kumar, 1975;
Ortendhal 1983). The Fourier transform technique helps to extract the information from
complex magnetic resonance signal required to generate theMRI image. The two-
dimensional Fourier transform uses the frequency to store spatial information in one
18
dimension of the tomographic section and the phase of theMRI signal to store the spatial
information in the other dimension The smallest addressable area in the two dimensional
image is called as a pixel. The number of rows and columns of pixels making up the
image is called the imaging matrix. For an image with matrix size of 256x256, the
number 256 represents the number of the pixels in each dimension. The actual imaging
area within the magnet that composes the image is called the field of view (FOV). The
size of the FOV depends on the size of the imaged object. The FOV used in this thesis is
24 cm. A voxel is the volume element of the imaged object which is represented as the
pixel in the image generated. A voxel usually has the units of mm3.
2.2.2Magnetic Field Gradients
Along with main magnetic field, linear-varyingmagnetic strengths called as the
magnetic gradient are used to obtain the spatial information from the sectional plane to
generate images. The strength of the magnetic field gradients is approximately 0.333
G/cm for amain magnetic field of 1.5 T with a FOV 24 cm. There are three directions
the gradient can be applied in: x, y and z. These gradients are denoted by Gx, Gy and Gz.
The resonance equation is given by Equation 3.
v = Y(B0) [3]





For a one dimension gradient along the y direction, the precessional frequency is given by
Equation 6.
v = Y(B0 + yGy) [6]
v-v0 = yyGy [7]
As discussed earlier an RF pulse is used to rotate the magnetic spins from the
equilibrium position in NMR. By changing the frequency v of this RF pulse, it is
possible to change the location of the chosen plane for imaging. Further slope ofGy
could also be used to control the position of the plane.
The thickness of the chosen plane along the y direction is given by Equation 8. Here the
thickness of the chosen planeAy is determined by the combination of frequency width of




Figure 8. The slice thickness of a section with relationship to the magnetic isocenter.
The magnetic isocenter represents the central portion inside the magnet where the
magnetic field is homogeneous.
The slice thickness is the width of the chosen plane that is being imaged. This
gives the third dimension to a voxel. The magnitude of theMRI signal obtained depends
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on several parameters, ofwhich slice thickness is one. This is because the p, which
contributes to theMRI signal, depends on the volume of the sample being imaged.
Thus slice thickness variation results in the decrease or increase in spin-density,
contributing to the decrease or increase in the magnitude of theMRI signal. The slice
thickness of the imaged object are usually in the mm to cm range.
2.2.4 Two-dimensional Fourier transform imaging
The magnetic field gradients are used to encode the spatial information of a slice
being imaged. The utilization of these gradients could be best understood with a simple
90-FID pulse sequence. In this pulse sequence a
90
pulse is followed by the acquisition
of a time domain signal called free-induction decay (FID). The 90-FID Fourier imaging
pulse sequence is illustrated in Figure 9.
2.2.4. 1 Utilization of Slice Selection, Frequency Encoding and phase Encoding Gradients
The slice of the imaged object is chosen with the simultaneous application of an
RF pulse with a frequency width ofAv and a gradient Gz. Only spins centered at location
z = (v-v0)/yGz and with a width equal to slice thickness, Az , are excited by the field.
All the spins in the chosen plane are rotated by a
90
or down to the y axis and thus the

















Figure 9. The 90-FID Fourier imaging pulse sequence. Gx, Gy, and Gz are the slice
selection, phase encoding and frequency encoding gradients.
In order to have all the spins in the chosen plane to be rotated by a particular angle, i.e. in
this case being 90, the frequency distribution of the RF pulse should be a rectangular
shaped function so that its corresponding function in the time domain is an apodised sine
23
function where sinc(t) = sin(t)/t. The shape of this sine function is illustrated by the RF
pulse in Figure 9.
Figure 10. Behavior ofmagnetization vectors in the chosen slice for imaging in a
90
-
FID Fourier imaging pulse sequence. All the spins are rotated down to the horizontal
plane with the simultaneous application of the RF pulse and the gradient Gz.
Next a gradient in the x direction is applied to encode the spatial information in
the phase of theMRI signal, will cause all the spins at a given x location to rotate at
v = y(B0 + Gxx) . After the pulse is turned off, spins at a given x value have a phase
angle with respect to y axis i.e. the magnetization vectors at the lower end of Figure 1 1
has lower phase angle compared to themagnetization vectors at the top level.
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Figure 11. The behavior of the magnetization vectors in the chosen plane with the
application of phase encoding gradient (Gx) along the x direction to encode the phase
information in theMRI signal in a
90
-FID pulse sequence. Here Vi>V2>V3.
When the phase encoding gradient is switched off, the variation of the phase will
still be maintained even though all the nuclei will be reverted to the same frequency of
precession. Next a frequency encoding gradient is applied along the y direction, rotate all
the spins at a given y value at v
= y ( B0 + Gy y). Thus different frequencies are
associated with magnetization vectors depending on their location as shown in Figure 12.
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The process is repeated with varying amplitudes of the phase encoding gradient to obtain
a two dimensional matrix of data, one dimension with the phase information and other
with the frequency information. Two-dimensional Fourier transform is applied to this
2-
D matrix of data to obtain theMRI image.
Figure 12. The behavior of the spin in
90
-FID Fourier imaging pulse sequence with the
application of the frequency gradient Gy. This gradient is used to encode the frequency
information in theMRI signal. Here V3 >V2 >Vi bottom location in the slice.
InMRI, the image matrix is of the sizes 512x512, 256x256, 256x128, and
256x192 etc. (Vannier, 1985; Smith, 1985; Fletcher, 1991). The second number
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represents the number of phase encoding gradient steps applied in order to collect the 2-D
matrix of data duringMRI image acquisition.
2.2.5 Spatial Resolution
The spatial resolution in MRI can be defined based on the information from
frequency and phase encoding direction. The spatial resolution along the frequency
encoding direction is based on the sampling rate of the signal during the frequency
encoding gradient. The resolution is given by Equation 10 where Ni is the number of
frequency encoding steps.
Resolution (Frequency) = FOV/ N i [10]
FOV is related to sampling rate as given in Equation 1 1 where Gf is the frequency
encoding gradient field strength. If an insufficient amount of the FID is recorded, it
would result in a loss of resolution and a ringing artifact (Levy, 1988) which produces the
appearance of the edges being fuzzy.
FOV = Sampling rate / yGf [11]
Resolution (Frequency) = Sampling rate / Ni yGf [12]
Thus Resolution (Frequency) = 34.029 K Hz / 256 x
42.58xl06
Hz/T x 0.00003333 T/cm
= 0.09375 cm
The resolution along the phase encoding direction depends on the size of the
difference between two phase encoding steps i.e. it depends on how many phase encoding
steps it takes to traverse the given FOV. The FOV in this study was 24 cm. Thus
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resolution along phase direction is given by Equation 13 where N2 is the number of phase
encoding steps.
Resolution (Phase) = FOV / N2 [13]
= 24 cm/ 192
= 0.125 cm
Thus resolution for the entire image is 0.09375 cm x 0.125 cm. Since the number
of phase encoding steps controls the acquisiton time, a lower number is preferred. For
computational simplicity the number of data points along the phase encoding direction is
increased from 192 to 256. This is achieved by padding zeros to the sequence of samples
and is referred to as zero padding. Thus increasing the number of phase encoding steps
do not improve the resolution, since resolution cannot be enhanced by appending zeros
unless the function is in fact zero-valued over the interval where the zeros are appended.
(Brigham, 1988).
2.3 Signal
TheMRI images generated in this thesis are obtained from a set of raw spin-echo
images. The spin-echo pulse sequence is used to obtain information about both Ti and
T2. The pulse sequence of spin-echo is illustrated in Figure 13. Initially the net
magnetization is along the direction ofB. After the
90
pulse, the magnetization is in the
horizontal plane. The signal obtained just after the
90
pulse is FID. The horizontal
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magnetization begins to reduce in magnitude due to the loss of phase coherence of nuclei.
Some nuclei precess slower and faster than the Larmor frequency.
2.3.1 Spin-Echo Pulse Sequence
The application of
180
pulse now refocusses the fast and slow precessing nuclei
increasing the horizontal component ofmagnetization, producing the echo. This signal
obtained after refocussing of the magnetization, by the
180
pulse in a spin-echo pulse
sequence is called the spin-echo. TE is the echo time which is the period between the
90
pulse and the peak of the echo in a spin-echo pulse sequence. TR is the time between the
beginning of a pulse sequence and the start of the succeeding sequence.
2.3.2 Method ofTt, T2 and p calculation
The spin-echo signal of a single component in a voxel is given by Equation 14.
c i~n
-IK* -TE/T2
S = kp(l-e )e [14]
From a set of spin-echo images, Ti and T2 images can be calculated. From Equation 14,
Ti image is calculated from a set of magnetic resonance images in which TE is kept
constant and TR is varied (Gong, 1992). With these conditions Equation 14 yields
Equation 15 where k is a constant which depends on factors spin density, TE and T2.
S = k(l-e l) [15]
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The Ti value is calculated by fitting Equation 15 to raw imaging data, which is the actual
magnetic resonance signal S; at TRj, obtained at several values of TR. The least-squares











Figure 13. Illustration of spin-echo pulse sequence. The echo is the NMR signal obtained
after refocussing the magnetization by the
180
pulse. TE is the echo time which is the
period between the start of the
90
pulse and the peak of the echo. TR is the time






Taking Partial derivative ofEquation 16 and equating it to zero to get minimum value
yields






Expanding k from Equation 17, we have
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The idea now is to solve for Ti which is the only unknown in Equation 18. Rearranging
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The function Z(T0 goes to zero in the limit as Ti goes to zero and and is as shown in
Figure 14.
Two values ofTi, Tia and Tib, are used to seed the algorithm. Tia is chosen to be
less than the minimum Ti and Tib greater than the maximum Ti in the image. A straight
line is drawn to connect Tia and T^ If the value ofZ(T0 at the zero crossing i.e. Tic is
less than an arbitrarily chosen minimum e, then Tic is the root of the function, otherwise
Tic becomes T^ or Tia and the process is repeated.
zrn;
Figure 14. The plot ofZ(T0 illustrating the iterative procedure to calculate the value of
Ti. Tia and Tib are the seeds for the algorithm and Tic is the zero crossing of the line
joining Tia and Tib.
T2 image can be calculated by keeping TR constant and varying TE (Li, 1994).
Equation 14 under this condition yields Equation 21, where k is a constant which





T2 can be calculated from Equation 21 with an appropriate set of n images obtained with
different TEj values. The value of T2 is found by getting the best S(TEj) match with the
imaging data based on linear least square procedure. The linear procedure linearizes
Equation 21 by taking logarithms of both sides to yield Equation 22 such that the slope
ln(Si) = \n(k)-TEi/T2 [22]
of a line obtained from plotting ln(Si) vs. TEj is -I/T2. The procedure tries to minimize a
function (p(T2) by setting
d(p/JT2=0 and d(p/d[ln(Si)] = 0 [23]
for the n data points , where




The slope obtained from linear least square procedure (Li, 1994) is given in Equation 25
n n
Xl^Xlntf,) - nJ^TEMSi)







From Equation 17, k can be found since Ti and T2 are known yielding Equation 26.
k = - * [26]
Xa-^/ri)(i-,"rvri)
7=1





This procedure can be repeated i.e. the calculation ofTi, and p, for the entire image
matrix 256x256. Further the ranges of Ti values that can be calculated are limited to the
range 0.10 s to 20 s and the corresponding values for T2 are 0.01 s to 2.0 s.
2.3.3 Acquisition time and Number ofExcitation (NEX)
The phase encoding gradient contributes to the calculation of the acquisition time of a
slice given by Equation 9.
Acquisition time = TR x number of phase encoding steps x NEX [9]
where NEX is the number of times the signal is generated for each pixel in the image
matrix. In this study the number of phase encoding steps is equal to 192, and for example
with TR = 1 s and NEX = 1, the acquisition time is 3.2 min.
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2.3.4 Partial Voluming and the influence on Ti, T2, and p
The spin-echo signal with multicomponents in a voxel is given by Equation 28 where i is






The proton NMR relaxation times in bulk samples of living tissues are the result of
complex contributions from different tissues. Further the results from such a
multicomponent sample are values which are deviations from single-component decay
(Kroeker, 1988). Let us consider a sample having two tissues in a voxel i.e. each tissue
occupies 50% of the total volume in a voxel. For such a sample with TE constant, the
Equation 28 yields Equation 29 where Tia and Tib are the Ti values for tissues ml and
m2 respectively and pmi and pm2 are the spin density due the Tissueml and m2
respectively.
S = kpml(l-e ) + kpm2(l-e ) [29]
The signal due to the individual and the combined tissues is shown in Figure 15.
The values of pmik and p n^k are assumed to be 1000. The Ti values ofml and m2 are
0.7 s and 7 s. The curve due to tissueml has a fast recovery while the curve due to tissue
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m2 has a fast one. The combination curve due to both the tissues is a multiexponential
curve.
The method ofTi calculation discussed earlier, results in obtaining a value of Ti
by fitting Equation 14 to the rawMRI data. For two tissues in a voxel, as in the example,
the Ti algorithm calculates a Ti value for the combined rawMRI data set at varying TR.
This calculated value is an apparent value ofTi.
Figure 15. A raw signal data due to the two tissues A and B with varying TR as given by
Equation 29. The values of p mik and p n^k are assumed to be 1000. Timi is 0.7 s and
Ti^ is 7 s. The signal due to tissuesml and m2 are represented by S(ml) and S(m2)
respectively. The combined signal due to combination of two tissues ml and m2 is
S(ml+m2). The curve due toml has a fast recovery while curve due to m2 is a slow one.
The combined curve is amultiexponential curve.
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This explains that the introduction ofmore than one tissue in voxel gives rise to
variation in the value ofTi. The sharing ofmore than one tissue in a voxel gives rise to a
signal, which is a combination of signals due to the tissues partially occupying the voxel.
Such a phenomena is called partial volume effect. Similarly the T2 and p values from
more than one tissue in a voxel vary, resulting in degrading the image quality. Further
noise in the background of images are set equal to zero since the algorithmmay generate
values for the false data due to the noise .
The relaxation times Ti and T2 both change with the field strength B0. The value
of Ti increases with an increase in B0. However there is a little variation in T2 as the
field strength is increased. The amount of bound water to the free water determines the
value ofTi and T2. The lesions or the malignant tissue will induce the release of the
bound water to free water, thus increasing the values ofTi and T2.
2.3.5 Signal-to-Noise Ratio
Signal-to-noise ratio (S/N) in an image is an important factor in determining the
clarity of the image generated. The amount of noise present in an image shows the
amount of noise introduced due to the variations within the tissues and the electrical noise
introduced during image generation. The standard deviation due to variation in pixel
intensity in the background of images are used as noise (Henkelman, 1984) in the
calculation of S/N in magnetic resonance images. Thus the S/N is defined as
S/N = Signal from the tissues / Noise in the background [30]
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However, since the background pixels are set to zero in this thesis for the calculation of
Ti, T2, and p, an alternative definition is used in the calculation of S/N. Thus S/N is
defined as in Equation 31, where the denominator is the standard deviation or noise from
all the m tissues in consideration.
S/N = Signal from the tissues/om [31]
The S/N also depends on NEX. The S/N is proportional to JNEX , hence the S/N
improves with the increase in NEX (Smith, 1985).
2.3.6 Motion Artifact
One of the major artifacts that is common inMRI is the motion of the patient or
object being imaged during the acquisition of theMRI signal. Such an artifact is called as
motion artifact. The motion artifact results in a blurred band of pixels across the image.
Image post processing has to be done to eliminate such an artifact. Hence these bands of
pixels are removed from the rawMRI images. A C program was written to clean the
blurred band by setting those blurred pixels equal to zero (Gong, 1991). Further
removing motion artifact reduces the calculation time ofTi, T2 and p.
2.4 Hardware
TheMRI spin-echo images are generated on a 1 .5 T Signa General Electric
imager. An RF coil is used to generate an RF pulse to induce resonance in the nuclei
being imaged. The frequency of the RF pulse has to be at the precession frequency of the
nuclei and in a plane perpendicular to the main magnetic field. The RF coil is also used
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to receive the transverse magnetization. In this thesis, the human brain is imaged using
quadrature-bird cage head coil to generate this RF pulse. This coil can be used to both
transmit the RF pulses as well as to receive the signal from the individual nuclei. The
imager normalizes the signal intensity of raw magnetic resonance, to maintain a constant
signal intensity value, with the variation in slice thickness. The normalization is achieved
by dividing the raw spin-echo image by a constant signal intensity value. This
normalization is done to maintain a uniform spatial uniformity as the slice thickness is
varied.
The transmit and the receive gains of the RF amplifiers are maintained at a
constant value to maintain a constant spin-density and noise level from one image
acquisition to the other.
2.5 Brain Tissues
In this study, the axial images at the level of lateral ventricles passing through the
brain with the major brain tissues, namely, WM, GM, CSF, AD, MS and S&M are
evaluated.
The brain is composed of peripheral gray matter, central white matter and
surrounded by cerebrospinal fluid. The proton density ofCSF is very high and is 1
relative to water. Also CSF has a trace of protein (Chakeres, 1992). TheWM has a water
concentration of 70% (Brant-Zawadzki, 1988). The GM has a water concentration of
80% and is between WM and CSF (Brant-Zawadzki, 1988). However the adipose tissue
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has a very low concentration ofwater, thus giving low value of Ti and T2. The MS tissue
is composed of 75% ofwater (Chakeres, 1992). The Ti and T2 values are high for tissues
with high concentration ofwater. The meninges has a low concentration ofwater
resulting in low values for Ti and T2.
2.6 Segmentation
2.6.1 Image Segmentation
Image segmentation is an image post processing technique which is used to
partition a given image into regions or segments such that pixels belonging to same
region are more similar to each other than pixels belonging to different regions and each
region has neighboring pixels (Fu, 1980). There are several image segmentation
techniques in literature based on approaches like thresholding, boundary detection and
region growing (Pratt, 1991). One of the common approaches used in segmentation is a
thresholding process. An image such as a printed black box, with an intensity value equal
to zero, on a white background, with an intensity value equal to 255, can be segmented
into two regions based on thresholding operation of the intensity values in the image.
Here pixels with intensity or gray values above a threshold belong to the background
where as gray values below threshold value belongs to the foreground or the printed black
box. The common technique to derive a threshold value uses information from a
histogram, which is a plot of number of pixels versus the gray levels in an image. The
Figure 16 shows the image and its corresponding histogram can be found in Figure 17.
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By having a threshold value between 1 and 254 gray level, the black box can be
segmented from the white background.
Figure 16. A 256x256 image with a black box with an intensity value of zero on a white
background with an intensity value of 255.
In general, the threshold values are chosen by looking at the peaks and valleys in the
histogram. Several other type of thresholding techniques are reported in the literature
(Weska, 1978). The type of thresholding depends on the application that is being











Figure 17. A one dimensional histogram of the 256x256 image of Figure 16. The bottom
arrow represents one of the threshold values that can be used to segment the black box
from the white background.
2.6.2 Classification
Classification is a process which separates different regions or classes of an
object. Classification is similar to the segmentation with respect to the end goal.
However the number of classes is generally known in classification, while it is not in
segmentation. There are two important types of classification schemes called supervised
and unsupervised classification. A supervised scheme is used in our study to segment the
six brain tissues. Supervised classification scheme is based on trained labeled samples. A
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set of typical patterns, where typical classes or attributes of each pattern is described is
known as the training set. A label on each training pattern represents the category to
which that pattern belongs. Apriori information, such as, the known number of brain
tissues or classes and their origin, may lead to best classification performance in
supervised classification scheme (Schalkoff, 1992).
2.6.3 Multispectral tissue classification
Multispectral tissue classification involves classifying different tissues into
separate classes based on their properties in different spectral regions. The multispectral
analysis of satellite image processing has been adapted to multispectral magnetic
resonance analysis (Vannier 1985). This thesis involves the multispectral classification
of the six brain tissues, namely, WM, GM, CSF, AD, MS and S&M, as a function of slice
thickness. The spectral regions which satisfy the independence criterion, Ti, T2, and p,
are employed in this thesis. For example, a spectral region such as Ti image which is a
function of only Ti and independent of T2 and p is said to satisfy the independence
criterion. Further, T2 image is a function of only T2 and independent ofTi and p.
Similarly p is a function of only p and independent ofTi and T2. Multispectral tissue
classification schemes commonly employ histograms. Inverse histograms such as 1/Ti
vs. I/T2 etc. are employed for tissue segmentation (Ortendhal, 1984) since they provide
better clustering of data.
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2.6.4 2-D and 3-D Histograms
The two-dimensional and three-dimensional histograms of spectral regions Ti, T2
and p for each slice thickness, form compact clusters in feature or histogram space (Kohn,
1991; Hornak 1991; Fletcher, 1992; Kao 1994). A two-dimensional histogram is the
number of pixels at a set of two signal intensities representing the two features of the
histogram space. Higher order histograms shows better clustering, hence
two-
dimensional and three-dimensional histograms are used in this study.
2.6.5 Thresholding Techniques
Simple thresholding in one dimension to segment brain tissues has been employed
with some success (Kohn, 1991). However this thesis uses multi-level thresholding
which involves the use of two ormore thresholds to produces an image in which each
pixel takes a value of 0 or 1. For example, in a two level thresholding technique a binary
output image is produced. In the binary output image, pixels have a binary 1 wherever
corresponding pixels on the input image have values between two threshold values or else
a binary zero is produced. The classification or the segmentation quality depends on the
feature space that is being segmented. Further the method of classification, such as
supervised or unsupervised, plays an important role in determining the segmentation
quality (Vannier, 1985). Some of the other factors that contribute to the quality of
segmentation in this thesis are cluster shape, intrinsic parameters like Ti, T2, and p of the
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tissues, extrinsic parameters like TR, TE, noise due to the tissues, spatial resolution, slice
thickness and partial voluming.
2.6.6 Optimization Parameters
2.6.6.1 False-Positive-Ratio (FPR), False-Negative-Ratio (FNR), True-Positive-Ratio
(TPR), and Unclassified-Pixel-Ratio (UPR)
Previous studies have been used to successfully segment the six brain tissue,
namely WM, GM, CSF, AD, MS and S&M, in the human body (Fletcher, 1992; Kao,
1994). The studies regarding brain tissue segmentation have used 5 or 10 mm slice
thickness (Kohn, 1991; Kao, 1994; Fletcher, 1992; Just, 1988). Those studies regarding
MTC of brain tissues did not quantify the slice thickness chosen for segmentation.
Therefore in this thesis, the optimum slice thickness for the segmentation of the brain
tissues is evaluated and reported.
In one of the studies (Fletcher, 1992) optimization parameters, such as false
positive ratio (FPR), unclassified pixel ratio (UPR), were used to validate the
segmentation for the different brain tissues. Further a quantitative approach to calculate
optimization parameters was not addressed. However in this thesis, several other
optimization parameters are defined and quantified with an automated technique.
Various statistical and othermethods such as pattern recognition, and neural
networks have also been used to validate the multispectral tissue classification (Bezdek,
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1993; Taxt, 1992). However, in this research, optimization parameters such as FPR, false
negative ratio (FNR), true positive ratio (TPR) and UPR values are used to prove the
accuracy of the segmentation and hence optimize the slice thickness. The slice
thicknesses used in this thesis are 3, 5, and 10 mm. Radiologists use parameters such as
false-positives, false-negatives and true-positives to differentiate a pathology from a
healthy tissue. False-positive in an image is normal tissue identified as a lesion. False-
negative in an image is identifying pathology as normal tissue. True-positive in an image
is a pathology or normal tissue being correctly identified. In this thesis the optimization
parameters are similarly defined to comply with radiologist's method of diagnosis. FPR
for tissue i is defined as the ratio of the number of pixels incorrectly classified as tissue i
to total number of i pixels. FNR for a tissue i is the number of pixels incorrectly
classified as not being a tissue i to the total number of i pixels. TPR for a tissue / is the
number of pixels classified as being a tissue i to the number of pixels i. UPR is the ratio
of the number of unclassified pixels in the imaged object to the total number of pixels in
imaged object. Each of the optimizing parameters explain different aspects of the
accuracy of segmentation. They also give information of thickness variation leading to
partial voluming and noise.
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2.6.7 BlockDiagram of the Image Post Processing Technique Used for Segmentation of













































Figure 18. Block diagram of the image post processing technique used for segmentation
of brain tissuesWM, GM, CSF, AD, MS, and S&M.
The Figure 18 shows the block diagram of the image post processing technique
used for segmentation of brain tissues. The classification technique was first applied on 3
mm slice thickness. This slice thickness was chosen with the assumption that the partial
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voluming effect is least in this slice. In the 3 mm slice case, the Ti, T2, and p images
were generated from the raw spin-echo images. A 3-D histogram was constructed from
these three, Ti, T2, and p, spectral regions used for classification. In order to display a
3-
D histogram on 2-D space, a histogram was generated by projecting the data within the
3-
D histogram into the corresponding 2-D space. Each of the 2-D histograms shown in
Figure 26, 27, and 28 were generated as explained above. The segmentation involves
drawing rectangular boundaries in the histogram by a trained expert, who has the
knowledge of anatomy, cluster shape, size and location of the segmented tissues, to
classify the brain tissues, WM, GM, CSF, MS, AD, and S&M. The initial guess of the
boundaries were decided by the trained expert. A feedback mechanism was used to
modify the boundaries in the histogram based on the classified tissues obtained from
initial guessed boundaries. This step is shown by the human visual input box in the block
diagram. The process was repeated until a segmented image was obtained which closely
resembles the gross anatomy of the tissue in consideration with minimum pixel
scattering. The best boundaries obtained in 3 mm slice were used as an initial guess to
draw rectangular boundaries for the 5, and 10 mm slice thicknesses. The entire image
processing steps were repeated for the 5, and 10 mm slice thicknesses. The segmentation
resulted in six classified brain tissues for each of the 3, 5, and 10 mm slice thciknesses.
An image mask was created with the boundaries from 3 mm slice case because of
minimum partial voluming effect in this slice. Each of the six segmented tissues from 3,
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5, and 10 mm slice thicknesses were compared with the image mask, which represents the
true tissue type in consideration. This was done to calculate the optimization parameters
to evaluate the best slice thickness for segmentation.
Ideally, all the tissues of the brain can be separated from each other. However, the
presence of noise and partial voluming of tissues impose difficulty in classification
process. Vector decomposition methods were employed in a study (Kao, 1994) to obtain
partial volume of the brain tissues like CSF, GM, WM and AD. However the effect of
random noise and partial voluming on the six tissues of brain, in the previous study
(Fletcher, 1993) which was not discussed in detail, is studied in this thesis, to optimize
the slice thickness for effective segmentation. The present research further provides





Axial images were acquired from a thirty nine year old volunteer at the level of
the lateral ventricles passing through the brain. The image acquisition of the brain was
done at theMagnetic Resonance Imaging Center, StrongMemorial Hospital, using a
General Electric (Milwaukee,WI) 1.5 Tesla Signa magnetic resonance imager with a
quadrature bird cage head coil. A phantom, consisting of constant concentration of
aqueous 4mM NiCh solution filled in a 250 ml polyethylene bottle, placed on both sides
of the volunteer's head, in the FOV, served both as p standard and a method for noise
analysis on the segmented images of the brain. The average signal intensity, due to the
phantom, with a value of 1 14 from TR = 6 s image was used to normalize all p images to
maintain a constant p in all the acquired images.
A sagittal localizer of the brain was acquired to locate the best axial location for
the image acquisitions. The scanning parameters used for this imaging plane were TR =
250 ms, TE = 15 ms, landmark on forehead, imaging sequence being spin-echo, FOV =
20 to 24 cm, slice thickness = 5 mm, interslice spacing
= 3 mm, and scan matrix being
128x256. The effect of aliasing or wrap around was taken into consideration before
choosing the FOV
= 24 cm for the entire study. The chosen axial location for image
acquisition passed at the level of the lateral ventricles through the brain. A quick axial
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image was acquired to reconfirm the location of the chosen plane, with the same scanning
parameters as in the sagittal localizer plane.
A set of sixteen single spin-echo images were acquired using the 3, 5 and 10 mm
slice thicknesses. The scanning parameters used were matrix size of 256x192, FOV = 24
cm, TR = 6, 4, 2, 1.5, 1.0, 0.75, 0.5 s with a constant TE = 15 ms and TE = 15, 20, 40,
60, 80, 150, 200 ms with constant TR = 1000 ms. The voxel dimensions were 0.9375 x
1.25 x 3 mm, 0.9375 x 1.25 x 5 mm, and 0.9375 x 1.25 x 10 mm for the 3, 5, and 10 mm
slice thicknesses respectively. The detailed imaging protocol is given in Table 1 .
3.2 Post Processing
The fifty four raw single spin-echo 256x256, two byte/pixel images were
compressed and transferred to a Digital Alpha Server 2100 (Digital Equipment
Corporation Maynard, MA) workstation running Digital UNIX at The Rochester Institute
ofTechnology, Center For Imaging Science. The raw spin-echo images were
uncompressed for further image processing. Post processing was performed on these
acquired spin-echo images. The motion artifacts in the background were removed from
all the raw spin-echo images using a C program. All the images were further correlated
to the raw spin-echo image with TR = 6 s since this image had the least effect due to Ti,
to eliminate any shift from one spin-echo image to another.
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Table 1. The complete imaging protocol of image acquisition on a G.E. 1.5 Tesla MRI
imager taken at theMagnetic Resonance Image Center, StrongMemorial Hospital,
Rochester, NY. A Sagittal localizer plane was taken to locate best axial location with
parameters TR = 250, TE = 15, landmark on forehead, supine, head coil, spin-echo, FOV
= 20 to 24 cm thk = 5 mm, interslice spacing 3 mm, locations = R15 to L15, matrix =
128x256. A quick axial was done to confirm location of the chosen plane with parameters
TR = 250, TE = 15. The best S/I axial plane through lateral ventricles was picked at
approximately 2 cm superior to the landmark. Slice location = S/I above, FOV = 20 to 24
cm, matrix = 256x192, thk = 5 mm. The optr and opte represents the parameters TR and
TE. The values of optr and opte are represented with a scale equal to 1000000 = 1 s.
After the last image acquisition with optr = 1000000 and opte = 15000, a manual prescan
is done with TG = 46.
Slice Thickness optr opte
































3.3 Ti, T2, and p Calculation
The Ti, T2 and p images used for segmentation were calculated for 3, 5, and 10
mm slice thicknesses. Ti and p images were calculated from seven constant TE images
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using the non-linear least square procedure (Gong, 1992). Similarly, T2 images were
calculated from eight constant TR = 1 s images with varying TE from 15 to 200 ms, using
the linear least square fit algorithm (Li, 1993). The Ti, T2, and p images for 3, 5, and 10
mm slice thicknesses are shown in Figure 19, 20, and 21.
In the calculation ofTi, T2, and p images, noise in the background, if any, is set to
zero for any j, k pixel in the image which had a signal intensity Sjk less than the noise
level given by Equation 32.
n 20 20





The 5(77?,., j,k) is the signal intensity of pixel j, k in the image at TR i and n is the number
of images with constant TE images. Similarly for constant TR images Equations are:
n 20 20




In Equation 34S(TEi , j,k) is the signal intensity of pixel j, k in the images at TEi.
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Ti image T2 image
p image
Figure 19. The spin-lattice relaxation time (TO, spin-spin relaxation time (T2), and spin
density (p) images of 3 mm slice thickness. These images are axial images passing
through the brain at the level of lateral ventricles.
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Ti image T2 image
p image
Figure 20. The spin-lattice relaxation time (TO, spin-spin relaxation time (T2), and spin
density (p) images of 5 mm slice thickness. These images are axial images passing
through the brain at the level of lateral ventricles.
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Ti image T2 image
p image
Figure 21. The spin-lattice relaxation time (TO, spin-spin relaxation time (T2), and spin
density (p) images of 10 mm slice thickness. These images are axial images passing
through the brain at the level of lateral ventricles.
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3.4 Classification Aids
The Multispectral tissue classification used the spectral regions Ti, T2, and p as a
feature space or histogram space for the segmentation purpose. Two-dimensional and
three-dimensional histograms of these individual feature space were calculated for 3, 5,
and 10 mm slice thicknesses for histogram space analysis. The Figure 22 represents the






Figure 22. The two dimensional inverse histograms ofTi and T2 in the 3 mm slice
thickness case. The rectangular boundaries the ranges ofTi and T2 to segment the six
brain tissues white matter, gray matter, cerebral spinal fluid, adipose, muscle and skin &
meninges.
57
As depicted in Figure 22, there is a clear clustering of pixels, which helps in separating of
tissues, when inverse histogram of, 1/Ti, and I/T2 were used as the feature space
(Ortendhal, 1984), in the histogram analysis. The ranges of 1/Ti and 1/T2 in all the
histograms are from 0 to a maximum value of 2.56
s"1
and 0 to 25.6
ms"1
respectively.
Since the value of T2 Ti,
T2"1
scale is adjusted to be 10 times greater than the scale of
Tf\ The p values are from numbers 0 to 256.
3.5 Segmentation
3.5.1 Segmented Brain Tissues
Different brain tissues form clusters in histograms, therefore it is possible to
introduce threshold to segment one tissue from the other. A trained expert who has
knowledge of the anatomy of the segmented tissues, cluster shape and origin, draws
rectangular boundaries in the histograms. The boundaries defined by certain lower and
upper cutoff values ofTi, T2 and p are used in order to segment one brain tissue from the
other. The starting range of the 1/Ti, 1/T2, and p values were decided by the trained
individual. The segmentation of the six brain tissues were carried out for 3, 5, and 10
mm slice thicknesses and lower and upper boundaries of 1/Ti, I/T2, and p were
established. The rectangular boundaries were then optimized for the best segmentation of
the six different tissues of the brain in all the slice thickness cases. A single set of the
ranges of Ti, T2, and p values were also generated for each, WM, GM, CSF, AD, MS
and S&M, of the optimized brain tissue boundaries in the case of 3, 5, and 10 mm slices.
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3.5.2 Phantom Segmentation
The phantom in the study was also segmented. A single set ofTi, T2, and p
ranges were generated for the optimized boundaries, for the phantom. The mean and
noise of the phantom were calculated for all three slice thickness cases. The average of
the signal intensities in the left and right side phantom's, was used as the mean value of
the phantom. The noise in the phantom was then compared to all the segmented tissues
for optimizing the segmentation as a function of slice thickness.
3.6 Image Mask
In order to calculate the optimization parameters, in the case of 3, 5, and 10 mm
slice thicknesses, the segmented brain tissues have to be compared to a standard image
type or mask representing the true tissue type. True image mask is defined as an image
which closely resembles the gross anatomy of the tissue type in consideration. The true
type or templates of all the six brain tissues were calculated based on the boundaries of
the segmented tissues in the 3 mm slice thickness case. The reason to do this was that the
3 mm slice thickness had the lowest partial voluming of tissues in the histograms i.e. the
probability of one tissue being in one voxel is very high.
3.7 Definition and Calculation ofOptimization Parameters
To test the accuracy of the segmentation and hence optimize the slice thickness,
the segmented tissues CSF, WM, GM, AD, MS and S&M were compared to the masks
created for their respective tissues, in the case of 3, 5, and 10 mm slice thicknesses and
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various optimization parameters were calculated using C programs. In general, the Figure
23 is used to define all the optimization parameters. In Figure 23 the area abgfis equal to
C, area bcmfis equal to
A'
and area defin is equal to C. The true image is represented
by the area bcde which is equal to C plus
A'
. Further the segmented tissue is equal toC
plus
A'
which is represented by the area acmg.
Figure 23. The general figure used to calculate the optimizing parameters, namely, FPR,
FNR, TPR, and UPR, for six brain segmented tissues, namely, white matter, gray matter,
cerebrospinal fluid, adipose, muscle and skin & meninges, x and y in the figure
represents the spatial coordinates.
60






In Equation 36, C
'
= S - A
'
where S is the segmented image, A is the true
image of a tissue,
A'
is the number of pixels common to both the true image and
segmented image. In Equation 37, C = A - A
'
and in Equation 39, T is the total
number of pixels in the entire Ti, T2, or p image and ^L, represents the total number of
1=1
pixels in all the segmented tissues.
3.8 Signal-to-Noise Ratio and Partial Voluming
The S/N of the segmented tissues is another overall parameter used to establish
the effectiveness of the tissue classification. Two C programs were written to calculate
the signal intensity and the noise in the individual brain tissues.
Partial voluming effect was studied in this research using two tissue model. The
two tissue model assumes that a voxel is occupied by two tissues at the same time. This
model plays an important role in determining the optimum boundaries between tissues for
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best classification. The centroid values of the brain tissues, i.e. T\ and T2 coordinate, was
used as a starting point in the image calculation. Images calculated had five bars
representing the variations from one tissue centroid to another.
The signal intensity at each pixel level from 21 to 250 in the images were
calculated using the Equation 40 wherepk is p of the tissues with k having a pixel value
at each pixel of the row from 0 to 10000, ml is tissues GM, WM, CSF, AD, MS, or
S&M; m2 is tissues GM, WM, CSF, AD, MS, or S&M; Ti is spin-lattice relaxation time
(mean) of 1 oxj; and T2 is spin-spin relaxation time (mean) ofml or ml.
Signal, =pmlk(l-e )e +pmlkQ-e )e m
Images were calculated for TR = 6, 4, 2, 1.5, 1.0, 0.75, 0.5 s/ TE = 15 ms and
another set of images with TE = 15, 20, 40, 60, 80, 150, 200 ms / TR = Is. From the
above set of images, Ti and p images were calculated using non-linear least square
procedure and T2 images using linear least-square procedure (Li, 1994).
The images calculated show five vertical bars starting from pixel 21 to 250. The
pixels in the range 0 to 20 were used in the Ti, T2, and p as a signal cutoff region for
background noise removal and therefore was not used in the image calculation. The first
bar was variation from WM to GM. The second bar shows the variation fromWM to
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ii image T2 image
p image
Figure 24 . The spin-lattice relaxation time (TO, spin-spin relaxation time (T2), and spin
density (p) test images. The five bars represents the variation from one tissue centroid to
the other centroid.
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CSF. The third, fourth and fifth bar represents the variation from AD toMS, MS to




Figure 25. The illustration of the 2-D feature space of the variation from one tissue
centroid to the other. A two-dimensional histogram, 1/Ti and I/T2, of the Ti and T2
image in Figure 24.
Two dimensional histograms were calculated from the three spectral regions. A 1/Ti vs.
I/T2 histogram is depicted in Figure 24. This gives information for further studies of
partial voluming.
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4.0 RESULTS AND DISCUSSION
The calculated hydrogen proton Ti, T2 and p images for 3, 5, and 10 mm slice
thicknesses are shown in Figures 19, 20, and 21. The generated 1/Ti vs. 1/T2, 1/Ti vs. p
and I/T2 vs. p histograms ofTi, T2, and p spectral regions for the slice thicknesses 3, 5,
and 10 mm are illustrated in Figures 26, 27, and 28.
4.1 Optimized ranges ofTi, T2, and p
In the histograms, the rectangular boundaries determine the limits of the Ti, T2
and p values for each of the brain tissues namely, WM, GM, CSF, AD, MS, and S&M.
The shape of the boundaries to an extent determine how good the segmentation process
is. Circular boundary approach when compared to rectangular boundary approach may be
employed depending on the type of object (Satellite image of land orMRI images of
tissues) being imaged. The rectangular boundary approach has the disadvantage of losing
pixels at the border of the rectangular area, in the segmentation of a particular tissue type.
The Figures 26, 27, and 28 illustrate the boundaries of the six brain tissues in the
study namely, WM, GM, CSF, MS, AD, and S&M. The optimized ranges or boundaries
of 1/Ti, I/T2, and p for six brain tissues in the 3, 5, and 10 mm slice thicknesses are
tabulated in Table 2, 3 & 4. Each of the brain tissues have certain characteristics based
on which region of the histogram space it lies in. The characteristics ofWM, GM and










1/T2 25.6 0 256
Figure 26. The three dimensional histograms of feature spaces 1/Ti, 1/T2 and p in the
case of 3 mm slice thickness of human brain images through the head at the level of
lateral ventricles. Top left: 1/T2, p histogram. Bottom left: 1/Ti, 1/T2 histogram. Bottom
right: 1/Ti, p histogram. The legends CSF, WM, GM, AD, MS, and SM represent
cerebrospinal fluid, white matter, gray matter, adipose, muscle and skin & meninges
tissues respectively. Each of the histograms is a three dimensional histogrammapped on
to a two dimensional plane. The rectangular boxes represent the regions of feature space
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Figure 27. The three dimensional histograms of feature spaces 1/Ti, I/T2 and p in the
case of 5 mm slice thickness of human brain images through the head at the level of
lateral ventricles. Top left: 1/T2, p histogram. Bottom left: 1/Ti, 1/T2 histogram. Bottom
right: 1/Ti, p histogram. The legends CSF, WM, GM, AD, MS, and SM represent
cerebrospinal fluid, white matter, gray matter, adipose, muscle and skin & meninges
tissues respectively. Each of the histograms is a three dimensional histogram mapped on
to a two dimensional plane. The rectangular boxes represent the regions of feature space
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Figure 28. The three dimensional histograms of feature spaces 1/Ti, 1/T2 and p in the
case of 10 mm slice thickness of human brain images through the head at the level of
lateral ventricles. Top left: 1/T2, p histogram. Bottom left: 1/Ti, 1/T2 histogram. Bottom
right: 1/Ti, p histogram. The legends CSF, WM, GM, AD, MS, and SM represent
cerebrospinal fluid, white matter, gray matter, adipose, muscle and skin & meninges
tissues respectively. Each of the histograms is a three dimensional histogrammapped on
to a two dimensional plane. The rectangular boxes represent the regions of feature space
used to segment one tissue from the other.
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Table 2. The optimized ranges ofTi, T2, and p of the six brain tissuesWM, GM, CSF,
AD, MS, and S&M in 3 mm slice thickness.
Spectral Regions WM GM CSF AD MS SM
Spin-lattice relaxation 0.662 - 0.970 0.97 - 2.1 73 0.71 9 - 1 8.24 0.206 - 0.925 0.826 - 2.00 0.21 1 -5.882
time T1 in s
Spin-spin relaxation 55.2 - 83.30 58.40 - 84.00 84.00 - 994.00 29.60 - 51 .80 29.60 - 53.40 42.30 -994.00
time T2 in ms
Spin density 92.9
- 131.1 105.6 - 160.6 66.5 - 1 84.30 76.30 -160.70 50.20 - 1 66.20 6.5 -76.30
Table 3. The optimized ranges ofTi, T2, and p for six brain tissues,WM, GM, CSF, AD,
MS, and S&M in 5 mm slice thickness.
Spectral Regions WM GM CSF AD MS SM
Spin-lattice relaxation 0-729-1.03 1.03 -1.836 0.925 -16.666 0.357-0.925 0.90-2.130 0.409-5.882
time T1 in s
Spin-spin relaxation 56.40
- 86.90 63.6 - 86.90 86.90 - 999.10 33.70 - 57.80 33.40 - 55.80 41 .10 -4991 .0
time T2 ms
Spin density 82.80 -122.6 86.60 -147.2 82.9-158.6 65.4-143.8 44.4-141.0 9.4-66.8
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Table 4. The optimized ranges ofTi, T2, and p for six brain tissues, WM, GM, CSF, AD,
MS, and S&M in 10 mm slice thickness.
Spectral Regions WM GM CSF AD MS SM
Spin-lattice relaxation 0.684 -1 .041 1 .041
- 1 .960 0.934 - 14.285 0.324 - 0.892 0.952 - 2.0 0.354
- 5.882
time T1 in s
Spin-Spin relaxation 55.8-83.30 59.10-83.33 86.9-647.7 30.90-55.80 23.7-57.1 33.1-647.40
time in ms
Spin density 86.1-138.8 96.1-138.8 70.0-202.90 58.2-143.5 56.5-143.50
8.7-51.30
4.2 Brain Tissue Characteristics
In the 3 mm slice thickness case, as shown in Figure 26, the cerebrospinal fluid
has a triangular nature of pixel distribution starting from left comer of 1/Ti, I/T2
histogram. The tissue cluster starts at Ti = 2.239 s, T2 = 0.1569 s, p = 125 and diverges
towards gray matter and white matter tissues.
The triangular distribution of pixels is
neighbored by the white matter and gray matter tissues. All together these three tissues
form considerable proportion of the brain in a human body. The white matter has a
compact circular pixel distribution. The centroid of this tissue is found to be at Ti =
0.826 s, T2 = 0.0648 s, and p = 108. The gray matter is oval shaped in pixel distribution
with the centroid at Ti = 1 .262 s and T2 = 0.0696 s, and p of 124. There is a small
proportion of pixel overlap in the these three tissue types in the 3 mm slice thickness.
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This leads to clear and crisp boundaries and finer representation of the actual or prototype
tissue.
There is change in the cluster shapes of the three tissues, CSF, gray matter and
white matter in the case of 5 mm and 10 mm slice thicknesses. In the 5 mm slice
thickness case, as shown in Figure 27, the centroid of the white matter was found to be
Ti = 0.0885 s, T2 = 0.0671 s, and p of 104. The white matter has a loose oval distribution
with a continuum of pixels to CSF and gray matter. The gray matter closely resembles
the 3 mm slice case with centroid being at Ti = 1 .308 s, T2 = 0.0739 s, and p of 117. The
CSF has a loose triangular distribution with centroid at Ti = 2.158 s, T2 = 0.1503 s, and p
of 1 15. In general, the response in the 5 mm slice thickness for these tissue types closely
follows the 3 mm slice.
In the 10 mm slice thickness, as shown in Figure 28 surely the distribution of
CSF, white matter, and gray matter tissues have considerable change in the shape and
pixel overlap. These conditions become apparent in the segmented tissues. Further there
is a considerable amount of pixel overlap as depicted in Figure 28 which results in a
poorer segmentation of these tissues. The CSF here is loosely bound triangular
distribution with increase in the pixel overlap in the CSF,WM and GM border. The
centroid ofCSF was found to be at Ti = 1.780 s, T2= 0.1312 s, and p of 124. Also CSF
has major partial voluming with the white matter tissue resulting in larger CSF
distribution in the segmented CSF. The gray matter is a spread of a loosely bound oval
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pixel distribution with the mean being at Ti = 1.272 s, T2 = 0.0707 s, and p of 128. There
are continuum of pixels from the gray matter to white matter and with almost complete
overlap in p range. The white matter is no more a compact distribution as in the case of 3
mm slice case. The centroid ofwhite matter was found to be Ti = 0.0861 s, T2 = 0.0639
s, andp of 115.
In the 3 mm slice thickness case, as shown in Figure 26, adipose tissue which is a
very thin tissue in the volunteer, showed great difficulty in segmenting it from other
tissues such as muscle and skin & meninges. The adipose is a loose bound cluster with
continuum of pixels to muscle tissue. The centroid is at Ti = 0.638 s, T2 = 0.0441 s, and
p of 1 1 1. The muscle is a scattered cluster with centroid at Ti = 1.1 15 s, T2 = 0.0422 s,
and p of 99. The skin & meninges falls over the entire histogram with centroid at Ti=
0.831 s, T2= 0.0844 s, and p of 47.
In the 5 mm case, as depicted in Figure 27, adipose tissue is a scattered pixel
distribution with centroid at Ti= 0.682 s, T2= 0.0463 s, and p of 97. The muscle and skin
& meninges closely follows the 3 mm case with centroids being at Ti = 1 . 1 17 s, T2 =
0.0461 s, and p of 88 and Ti = 0.970 s, T2
= 0.0747 s, and p of 39 respectively. However
the thickness of these tissues layers increases in the segmented images due to the partial
voluming effect. The skin and meninges have a similar effect as in the 3 mm slice. The
skin and meninges has a loose pixel distribution over the entire histogram.
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In the 10 mm slice thickness, as shown in Figure 28, the adipose tissue and
muscle have almost complete p range overlap. The centroids of these two tissues are
found to be at Ti = 0.761 s, T2= 0.0441 s, and p of 101 and Ti = 1.238 s, T2= 0.0406 s,
and p of 99 respectively. The skin & meninges had centroid at Ti = 0.796 s, T2 = 0.0790
s, andp of 31.
4.3 Segmented Tissues
The segmentedWM, GM, CSF, AD, MS and S&M tissues from the optimized
boundaries for 3, 5, and 10 mm slice thicknesses are depicted in Figures 29, 30, and 31.
The optimization parameters FPR, FNR, TPR, and UPR for each of the six brain tissues
segmented are shown in Table 5.
4.4 Optimization Parameters
Each of the optimization parameters measures different aspects of accuracy and
also helps in determining the optimized slice thickness for effective segmentation of the
six brain tissues. FPR gives information on how good the segmentation process is in
classifying tissues correctly. The slice thickness with the lowest FPR gives the best
segmentation. FNR gives information on how bad the segmentation is to classify tissues
incorrectly. FNR has to be the lowest for the best segmentation. TPR shows how many
segmented tissue pixels belong to the true tissue as defined by Equation 38. The slice




Figure 29a. The segmentedWM, GM and CSF tissues from an axial slice, of 3 mm




Figure 29b. The segmented AD,MS and S&M tissues from an axial slice, of 3 mm
thickness, through the head, at the level of lateral ventricles.
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White matter Gray matter
Cerebrospinal fluid
Figure 30a. The segmentedWM, GM and CSF tissues from an axial slice, of 5 mm




Figure 30b. The segmented AD, MS and S&M tissues from an axial slice, of 5 mm
thickness, through the head, at the level of lateral ventricles.
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Figure 31a. The segmentedWM, GM and CSF tissues from an axial slice, of 10 mm




Figure 31b. The segmented AD, MS and S&M tissues from an axial slice, of 10 mm
thickness, through the head, at the level of lateral ventricles.
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UPR gives data to prove how many of the total pixels in the entire image is used for
segmentation. The value ofUPR has to be the least for the best segmentation.
Table 5. The optimization parameters of the six segmented brain tissues, namely, WM,





3mm 5mm 10 mm 3 mm 5 mm 10 mm 3 mm 5mm 10 mm
WM 0.030866 0.04075 0.18349 0.05004 0.06813 0.22725 0.95 0.931874 0.77274
GM 0.085947 0.115531 0.31637 0.108773 0.15557 0.3568 0.8912 0.84444 0.6432
CSF 0.088264 0.109602 0.46405 0.125367 0.14743 0.50945 0.8746 0.85257 0.48569
AD 0.18444 0.36 0.47407 0.21777 0.33037 0.40666 0.7822 0.66962 0.59333
MS 0.065394 0.237808 0.32579 0.138763 0.35646 0.41428 0.8612 0.64354 0.58572











As depicted in Figure 32, the FPR of theWM, GM and CSF increases as slice
thickness is increased from 3 mm to 10 mm. The FPR for these three tissues are found to
be the least in 3 mm withWM, GM, and CSF having values 0.03087, 0.08595, and
0.08826 respectively. Further the FPR for tissues AD, MS, and S&M, as in Figure 33,
are also found to increase with slice thickness with values in 3 mm being the least. The
values for FPR in AD,MS, and S&M in 3 mm are 0.18, 0.0685, and 0.0822 respectively.
WM, GM & CSF
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Figure 32. The false positive ratio (FPR) as a function of slice thickness inWM, GM,
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Figure 33. The false positive ratio (FPR) as a function of slice thickness in AD, MS, and
S&M segmented tissues.
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Figure 34. The false negative ratio (FNR) as a function of slice thickness inWM, GM,
and CSF segmented tissues.
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Figure 35. The false negative ratio (FNR) as a function of slice thickness in AD, MS,
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Figure 38. The unclassified pixel ratio (UPR) as a function of slice thickness.
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The FNR values as shown in Figures 34 and 35 also increases with slice
thickness. The FNR values are found to be the least in the 3 mm slice thickness case in
all the six tissues. TheWM, GM, and CSF had FNR values of 0.05, 0.108, and 0.1253
respectively. Further the corresponding values in AD, MS, and S&M are 0.217, 0.13876,
and 0.2127.
The TPR in all the six brain tissues are found to be decreasing with slice thickness
as depicted in Figures 36 and 37. The TPR values are the highest in the 3 mm slice
thickness case. The TPR values forWM, GM, CSF, AD,MS, and S&M are 0.95,
0.8912, 0.874, 0.782, 0.8612, and 0.7827 respectively. Further the UPR is found to be
the least in 3 mm slice thickness with 0.07319. The values ofUPR in the 5 mm and 10
mm slice thickness cases are 0.09378 and 0.12885 respectively.
4.5 Effect ofNoise in Phantom and Tissues
The phantom is also segmented in the case of 3, 5, and 10 mm slice thicknesses
and the optimized ranges are tabulated in Table 6. The signal intensity response from p
standard should be constant since the aqueousMCI2 solution has a uniform
concentration. However there is some variation in signal intensity. This variation in
signal intensity is characterized as electrical noise. In the 3 mm slice thickness, the
average noise in the p standard was found to be 5 in Ti, 19 in T2, 46.5 in p image and the
corresponding values in all the tissues were found to be 279.92 in Ti, 224.48 in T2 and
1 18.59 in p segmented image. Similarly the Figures 40 and 41 clearly shows that the
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noise in the 5 and 10 mm slice thicknesses when compared to their p counterparts.
Therefore from Figures 39, 40, and 41, it can be concluded that the noise in the p
standard is very less compared to the noise due to all tissues. Hence it can be concluded
that the noise introduced in the segmented image is mostly due to the tissues.
Table 6. The optimized ranges ofTi, T2, and p for the phantom in 3, 5, and 10 mm slice
thicknesses.
Phantom
Spectral Regions 3 mm Slice 5 mm Slice 1 0 mm slice
Spin-lattice relaxation 0.104 -0.164 0.087 -0.203 0.O86- 0.145
time T1 in s
Spin-spin relaxation 0.0537 -0.1612 0.0598-0.1492 0.0529-0.1333
time T2 in ms
Spin density 10-205 13-176 6-185
The average noise due to all the tissues in the Ti, T2, and p images of 3 mm slice
thickness case, as shown in Figures 39, 40, and 41, is most compared to other slice
thicknesses. The high value of the random noise in the 3 mm slice thickness case is
contributed by the large variation in values ofTi, T2 and p due to the tissues.
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Figure 39. The noise in the brain tissues and the corresponding values in the phantom
with the variation in slice thickness in Ti image.
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Figure 40. The noise in the brain tissues and the corresponding values in the phantom
with the variation in slice thickness in T2 image.
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Figure 41. The noise in the brain tissues and the corresponding values in the phantom
with the variation in slice thickness in p image.
4.6 Comparison of S/N in 3, 5, and 10 mm Slice Thicknesses
In general, as the slice thickness is increased, the average noise variation reduces.
However the noise in the 10 mm slice is slightly greater than the 5 mm slice thickness
case in p image because ofmaximum pixel overlapping. Further noise due to segmented
tissues in 5 mm slice case, 250.30 in Ti, 175.92 in T2, 102.30 in p, is less than 3 mm slice
and reduces in general in the 10 mm slice. The random noise due to all the segmented
tissues in 10 mm slice are 204.04 in Ti, 164.34 in T2, and 107.68 in p.
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Figure 42. The signal-to-noise variation inWM, GM, CSF, AD, MS, and S&M as a
function of slice thickness in Ti image.
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Figure 43. The signal-to-noise variation inWM, GM, CSF, AD, MS, and S&M as a
function of slice thickness in T2 image.
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Figure 44. The signal-to-noise variation inWM, GM, CSF, AD, MS, and S&M as a
function of slice thickness in p image.
Since the signal intensity response from the Signa imager is normalized with the
variation in slice thickness and further the noise due to electrical variation is almost
constant, with slice thickness variation the only major noise variation is due to the Ti, T2
and p value variations of the tissues. Thus the S/N will surely increase from 3 mm to 10
mm slice thickness as shown in Figures 42, 43 and 44.
The effect of the presence and absence of random noise can be best understood
with the help ofFigure 45. In the Figure 45, the two dimensional feature space shows the
mean intensities due to tissues ml and m2 being a and b. The true signal intensity due to
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mixture of the two tissues is t and s is the calculated signal intensity for the same mixture.
This shows that in the presence of noise, t would appear at s. In the absence of noise,





Figure 45. Two-dimensional histogram of feature spaces of two tissues ml and m2. The
centroids of the feature spaces ml and m2 are represented by a and b. The signal
intensity in the absence of noise due to the combination of two tissues is t. In the
presence of noise, the signal intensity moves outwards from t and is represented by s.
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4.7 Partial Voluming ofTissues
The presence of noise and partial voluming makes the classification of the brain
tissues difficult. The signal contribution to a voxel, due to more than one tissue increases
as the slice thickness is increased from 3 mm to 10 mm. In the 3 mm slice thickness, the
contribution due to two ormore tissues is very low i.e. the voxel signal intensity is most
likely be contributed from one tissue type. However as the slice thickness is increased the
signal contribution to a voxel is due to more than one tissue type. Thus it shows that
partial voluming is increased. The partial voluming is the most in the 10 mm slice
thickness case.
To better understand the partial voluming effect, a two tissue model was
simulated. The assumption of this model is that each voxel can only be occupied by two
tissues i.e 50% due to each tissue. The Figure 24 shows the calculated Ti, T2, and p
images from two tissue model where each bar represents a linear variation in the pixel
intensity from one tissue centroid to the other. In Figure 25, the pixel intensity profile
varies from CSF i.e. in the lower left comer, towards the other two tissue typesWM and
GM, there will be pixels that belong to both or all three tissue types at their boundary.
Therefore the effect of partial voluming at the tissue boundaries clearly distinguishes the
quality of segmentation as a function of slice thickness.
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A method that could be used to calculate the boundary location in the presence of
partial voluming effect, based on the modification of two tissue model is explained here.
Figure 46 shows the two dimensional 1/Ti vs I/T2 histogram of a hypothetical example in
which a voxel is occupied by two healthy tissuesWM, GM and amalignant tissue M.
The histogram shows the variation from one tissue centroid to the other. By drawing
contours in the histogram at 10%, 20%, 30% 100% from the malignant tissue
centroid to the other two tissue centroids, it is possible to find the percentage of each
tissue at various steps of 10%, 20% etc. steps. With this information a cut-off percentage
could be found that determines the location of the classification boundaries between the
healthy and malignant tissues. Thus optimum boundary location could be found in the
presence of partial voluming effect.
4.8 Influence of Spatial Resolution on Classification
Spatial resolution is another important factor influencing the partial voluming and
thus the effectiveness of segmentation as slice thickness is varied. The spatial resolution
in the frequency encoding direction is found to be 0.9375 mm and spatial resolution along
the phase encoding direction is calculated as 1.25 mm. Since the spatial resolution is
slightly different in the phase encoding direction, it inherently introduces the partial
voluming effect in all the three, 3, 5, and 10mm, slice thicknesses. Since the dimensions
0.9375x1.25
mm2
remains constant for all the three slice thicknesses, the only variation
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towards the voxel volume is slice thickness. Thus slice thickness is a parameter which
influences the in-plane resolution. Depending upon the size of the pathology in
consideration, different slice thicknesses or spatial resolution should be considered for
segmentation. Further the voxel volume in the 3, 5, and 10 mm are calculated as 3.5156
mm3, 5.859mm3, and 1 1.718
mm3
respectively. Thus the voxel volume and S/N are















Figure 46. Illustration to calculate the percentage contribution from tissues in a voxel to
determine boundaries to segment tissues. The feature space 1/Ti vs 1/T2 histogram. The
legends GM,WM, andM represent centroids of gray matter, white matter and a
hypothetical malignant tissue (for example). The contours are drawn in the feature space
at 10%, 20%, .... 100% from the malignant tissue centroid towards the centroids of the
other two tissues.
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Table 5 clearly indicates that all optimization parameters are the best in 3 mm
slice thickness for the six brain tissues segmented. The numbers are closely followed by
the 5 mm slice thickness. The numbers in 5 mm slice are close when compared to the 3
mm slice, since partial voluming is increased in a lesser amount. However the accuracy
of the optimization parameters are reduced in the case of 5 mm and 10 mm slices when
compared to 3 mm slice thickness. Such an effect is due to all tissues havingmaximum
pixel overlap. This is because of slight variation of signal intensity due to more than one
tissue in a voxel. The 3 mm slice shows clear boundaries, however with some pixel
scattering. The probability of having more than one tissue, in a voxel, in the case of 10
mm slice thickness is the highest compared to the other two slice thicknesses. Due to this
effect, the values ofTi, T2 and p are changed which leads to pixel overlapping and further
in the false segmentation of tissues. Thus the results are poor for the 10 mm slice
thickness.
Signal to noise ratio in the 5 mm slice is, 4.722 in Ti, 4.3449 in T2 and 9.139 in p,
better than 3 mm slice case, with signal-to-noise ratio of 4. 1 16 in Ti, 3.4332 in T2, and
8.629 of p images. The reason for such a result is due to the larger voxel volume
available in 5 mm case. The signal to noise ratio is found to be 5.44 in Ti , 4.368 in T2
and 9.272 in p images in the case of 10 mm slice. Even though the signal-to-noise is the
best in 10 mm slice case, it cannot be considered for segmentation due to the poor spatial
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resolution and maximum partial voluming. In general, the thinner tissues such as S&M,
MS and AD tissues pose problems in segmentation for all the three slice thickness.
The least partial voluming of tissues, spatial resolution, and best FPR, FNR, TPR,
UPR values, should be the determinants for optimized slice thickness in the segmentation
of all six brain tissues. The best optimization parameters, spatial resolution, least partial
voluming was found in the 3 mm slice thickness. With optimization parameters and
partial voluming being close to 3 mm slice case, 5 mm slice thickness could be
considered if S/N is taken into consideration. However, results from Table 5 shows that a
comparison has to be done between 3 and 5 mm slice thicknesses to choose the best slice
thickness for segmentation. Therefore, according to the best optimization parameters,
spatial resolution and least partial voluming, 3 mm is the best slice thickness for the
effective segmentation of the six brain tissues,WM, GM, CSF, AD, MS and S&M.
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5.0 CONCLUSION
Multispectral tissue classification has proven to provide useful information for the
diagnosis and location ofpathology (Smith, 1985; Vannier, 1985; Taxt, 1990). This
study dealt with the optimization of slice thickness for segmentation of six brain tissues
such as, white matter, gray matter, cerebrospinal fluid, muscle and skin & meninges,
using multispectral tissue classification. The slice thicknesses used were 3 mm, 5 mm,
and 10 mm.
Various optimization parameters such as false positive ratio, false negative ratio,
true positive ratio, unclassified pixel ratio along with noise analysis were used to optimize
the slice thickness. Each of the optimization parameters FPR, FNR, TPR, and UPR had a
unique aspect ofmeasuring the ability to segment the six tissues in the brain.
Optimization parameters showed a clear winner in the 3 mm slice case. The 3 mm slice
thickness gave clear boundaries between adjacent tissue types. Further, partial voluming
was the least in the 3 mm case.
The noise introduced by the tissues was also considered in the determination of a
particular slice thickness for best segmentation. Signal-to-noise was found to be the least
in 3 mm slice thickness.
The 5 mm slice tissues gave results which were close to the 3 mm case. With
those results in consideration along with a better signal-to-noise in 5 mm slice, a decision
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was made for the choice of best slice thickness, between 3 and 5 mm slices. For clearer
boundaries, least partial voluming and best spatial resolution, 3 mm slice thickness can be
chosen over all the other slice thicknesses. However, with considerable signal-to-noise,
agreeable partial voluming effect, spatial resolution, and optimization parameters closely
following 3 mm slice, 5 mm can be chosen as the best slice thickness for brain tissue
segmentation. With poor partial voluming effect, optimization parameter values and
spatial resolution, 10 mm slice is not a permissible slice for effective segmentation of six
brain tissues.
Thus clearly, with best optimization parameters, spatial resolution and clear
boundaries between segmented tissues, 3 mm slice is the optimized slice thickness for six
brain tissues segmented. To better understand the partial voluming effect due to multiple
tissues in a voxel, a two-tissue model was simulated. This helped to find the optimum
boundary between tissues in the presence of partial voluming effect.
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